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Abstract001

Evaluating short-form video content requires002
moving beyond surface-level quality metrics003
toward human-aligned, multimodal reasoning.004
While existing frameworks assess visual and005
semantic fidelity, they often fail to capture006
the specific audiovisual “hooks” that drive007
real-world audience engagement. In this work,008
we propose a discovery-driven evaluation009
framework that identifies the underlying010
logic of virality in edutainment content. Our011
approach leverages Vision-Language Models012
(VLMs) to extract granular semantic evidence,013
which is then analyzed using a contrastive014
supervision signal comparing high-performing015
and low-performing content. By applying016
importance-weighted k-means clustering, we017
discover latent, human-interpretable rubric018
items without predefined categories. We further019
introduce a saturation-based aggregation020
function to score videos, preventing “metric021
gaming.” Experiments demonstrate that our022
framework achieves a strong Spearman023
rank correlation (ρ = 0.74) with actual024
engagement, significantly outperforming025
traditional quality baselines and providing a026
scalable, explainable path toward robust video027
understanding.028

1 Introduction029

Recent progress in short-form video platforms has030

intensified the need for evaluation frameworks031

that capture not only technical fidelity but also032

human-centric attributes such as engagement,033

retention, and curiosity appeal. Traditional metrics034

like SSIM (Wang et al., 2004) and FID (Heusel035

et al., 2017), though effective for generative036

quality assessment, fail to reflect how real viewers037

interact with and respond to content—especially038

in short-form edutainment videos where attention039

dynamics dominate (Wang and Yang, 2022).040

Existing evaluators such as VideoScore-2041

(He et al., 2025) advance explainable video042

assessment along visual and semantic dimensions, 043

but they remain limited in modeling behavioral 044

outcomes such as viewer engagement. Similarly, 045

broader multimodal reasoning benchmarks study 046

structured inference but often overlook the specific 047

audiovisual "hooks" that influence audience 048

response. To address this, we propose a 049

shift from rigid, predefined metrics toward a 050

discovery-driven rubric framework. 051

In this work, we introduce a multimodal 052

evaluation pipeline that identifies the semantic 053

patterns driving virality. Unlike previous methods 054

that rely on fixed feature sets, our approach extracts 055

fine-grained semantic units from videos and 056

uses a contrastive supervision signal—comparing 057

the top and bottom 20% of engagement—to 058

learn which elements truly matter. By applying 059

importance-weighted k-means clustering, we 060

discover latent audiovisual attributes and convert 061

them into a human-readable, weighted rubric. This 062

ensures that the resulting evaluator is not only 063

predictive but also provides transparent, actionable 064

feedback for content creators. 065

The primary research contributions of this work 066

are: 067

1. Contrastive Supervision Framework: We 068

introduce a robust engagement modeling 069

signal using log-normalized metrics and a 070

contrastive sampling strategy (High vs. Low 071

engagement) to eliminate noise and leakage 072

inherent in social media data. 073

2. Semantic Rubric Discovery Pipeline: We 074

propose a novel method for extracting 075

semantic evidence via VLMs and using 076

importance-weighted k-means clustering to 077

discover recurring, high-impact audiovisual 078

patterns without human-defined categories. 079

3. Two-Tier Feature Detection: We develop 080

a scalable scoring mechanism that utilizes a 081

1



fast cosine-similarity tier for efficiency and082

a calibrated classification tier for accuracy,083

enabling real-time evaluation of short-form084

content.085

4. Non-linear Aggregation and Explainability:086

We implement a saturation-based087

scoring function that prevents "metric088

gaming" and aligns predicted scores with089

human-interpretable percentiles, providing a090

holistic view of a video’s virality potential.091

By grounding evaluation in discovered semantic092

evidence rather than raw pixels, our approach093

reveals the underlying logic of successful094

edutainment. Compared to traditional quality095

metrics, our framework provides a scalable and096

explainable path for predicting audience response097

while offering a modular rubric that can be adapted098

across different content domains.099

2 Related Work100

2.1 Quality Assessment and Human-Aligned101

Rubrics102

Traditional video quality assessment (VQA) has103

relied on low-level metrics such as SSIM (Wang104

et al., 2004) and FID (Heusel et al., 2017), which do105

not reflect how audiences respond to content. More106

recent work such as VideoScore-2 (He et al., 2025)107

incorporates vision–language modeling to evaluate108

higher-level qualities including plausibility and109

semantic alignment. However, these systems110

typically depend on predefined rubrics. Our111

work differs by discovering rubric dimensions112

automatically from engagement-driven semantic113

clustering rather than defining them manually.114

2.2 Semantic Evidence Extraction and115

Representation116

Prior work has shown that multimodal reasoning117

improves when visual content is broken down118

into structured semantic elements, as demonstrated119

in benchmarks such as GeoChain (Yerramilli120

et al., 2025) and MaRVL-QA (Pande et al.,121

2025). We adopt a similar philosophy by122

representing videos as collections of semantic units123

encoded using pretrained text encoders, enabling124

fine-grained engagement modeling instead of125

holistic embeddings.126

2.3 Contrastive Engagement Modeling and 127

Interpretability 128

Engagement prediction suffers from noisy 129

absolute metrics, motivating contrastive 130

supervision strategies inspired by reward-modeling 131

work such as (Christiano et al., 2017). We 132

apply a similar approach by contrasting top- 133

vs. bottom-engagement content and using 134

feature-importance methods such as SHAP to 135

assign interpretable weights to discovered rubric 136

factors. 137

2.4 Non-linear Aggregation in Evaluation 138

Simple linear evaluation metrics are vulnerable 139

to over-optimization, as discussed in prior RLHF 140

literature (Rodriguez et al., 2025). To mitigate 141

this, we apply a saturation-based aggregation 142

function to discourage single-factor exploitation 143

and encourage balanced engagement signals. 144

3 Methodology 145

Our framework adopts a discovery-driven 146

pipeline designed to identify the specific 147

semantic patterns that drive engagement. Unlike 148

traditional fixed-rubric methods, we utilize 149

contrastive supervision and clustering to extract 150

a human-interpretable evaluation logic from 151

real-world performance data. 152

3.1 Supervision Signal Definition 153

To minimize noise inherent in raw engagement 154

metrics, we define a clean supervision signal based 155

on the relative performance of videos. Engagement 156

E is computed using log-normalized metrics to 157

stabilize variance: 158

E = log(likes + 1)− log(views + 1) (1) 159

We then apply a contrastive sampling strategy: 160

videos in the top 20% of engagement are labeled 161

as High, while the bottom 20% are labeled as Low. 162

The middle 60% is discarded to ensure a clear 163

distinction between viral and non-viral content. 164

The dataset is split temporally, training on older 165

videos and testing on newer ones to prevent data 166

leakage. 167

3.2 Semantic Evidence Extraction and 168

Embedding 169

The evaluator operates on semantic units rather 170

than raw pixels. For each video, we use 171

a Vision-Language Model (VLM) to generate 172
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short, frame-level captions or semantic summaries,173

representing the video as a set of discrete sentences:174

V = {s1, s2, . . . , sn}. Each semantic unit175

is then mapped to a high-dimensional vector176

space using a pre-trained text encoder (e.g.,177

all-mpnet-base-v2). These embeddings are178

normalized and cached to facilitate efficient179

downstream processing.180

3.3 Importance Learning and Rubric181

Discovery182

To determine which semantic concepts contribute183

to virality, we train an XGBoost classifier on the184

binary engagement labels (High vs. Low) using185

the semantic embeddings as features. We calculate186

the importance of each semantic unit via SHAP187

(SHapley Additive exPlanations) values.188

The importance-weighted embeddings are then189

clustered using k-means. This approach allows190

us to group recurring semantic patterns without191

predefined labels. Each resulting cluster represents192

a potential rubric item, such as “High-energy audio193

hooks” or “Step-by-step text overlays.”194

Metric Value

Accuracy 0.7009
Precision 0.6979

Recall 0.7118
F1-score 0.7047

ROC AUC 0.7708

Table 1: Evaluation metrics of the XGBoost-based video
quality prediction model on the test set.

3.4 Rubric Pruning and Conversion195

The discovered clusters are ranked and pruned196

based on three criteria:197

1. Importance: Median SHAP value of the198

cluster.199

2. Coverage: Percentage of videos in which the200

cluster appears.201

3. Stability: Consistency of the cluster across202

bootstrap re-runs.203

The top 20–40 clusters are converted into204

human-readable rubric items. For each cluster,205

an LLM assists in generating a name, a one-line206

definition, and representative examples, followed207

by a human review phase for semantic clarity.208

3.5 Feature Detection and Aggregation 209

For inference on unseen videos, we deploy a 210

two-tier detection system. A Fast Detector uses 211

cosine similarity between video embeddings and 212

rubric centroids for efficiency. An optional Strong 213

Detector utilizes specialized classifiers for higher 214

precision. 215

Presence scores pk ∈ [0, 1] for each rubric item 216

k are passed through a saturation function g(x) = 217

1−e−αx (with α ≈ 3) to prevent over-optimization 218

of single features. The final evaluation score is a 219

weighted sum of these saturated scores: 220

Score =
∑
k

wk · g(pk) (2) 221

The resulting score is normalized to a 0–100 222

percentile rank, providing a robust and comparable 223

metric for video quality and virality potential. 224

Component Hyperparameter / Setting

Sentence Transformer all-mpnet-base-v2; embedding
dim = 768

Embedding reduction PCA to 128 dims for clustering
(optional 32D for viz)

Clustering K-Means (audio K=10, visual
K=10); init=k-means++

XGBoost n_estimators = 500; max_depth = 6;
learning_rate = 0.05

XGBoost reg. loss objective = reg:logistic
Train/Val/Test split 70% / 15% / 15% (1,650 videos test)
Bayesian search 50 trials (validation RMSE)
SHAP analysis TreeExplainer (XGBoost)

Table 2: Key hyperparameters and data splits used in
experiments.

4 Evaluation & Results 225

We evaluate our discovery-driven framework by 226

measuring its ability to predict engagement ranks 227

and the interpretability of the discovered rubric 228

items. 229

4.1 Engagement Prediction and Rank 230

Correlation 231

The primary performance metric is the Spearman 232

rank correlation (ρ) between the aggregated 233

evaluator score (0–100) and the ground-truth 234

engagement label (E) on the unseen temporal test 235

set. As shown in Table 3, our saturation-based 236

aggregator achieves a Spearman correlation of 0.74, 237

significantly outperforming the baseline linear and 238

unweighted models. 239
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Model Configuration Spearman ↑ Kendall’s τ ↑

Linear Aggregation 0.62 0.44
Random Forest Baseline 0.67 0.49
Our Framework (Saturated) 0.74 0.56

Table 3: Overall evaluation performance on the temporal
test set.

4.2 Analysis of Discovered Rubric Items240

By applying k-means to importance-weighted241

semantic embeddings (Step 5), the system242

automatically discovered 32 stable rubric items.243

Table 4 highlights the top 5 clusters ranked244

by their global importance (mean SHAP value).245

Notably, the system identified "High-Contrast246

Visual Hooks" and "Narrative Pacing Consistency"247

as the most predictive elements, confirming that248

edutainment virality is driven by both immediate249

visual retention and sustained information density.250

Discovered Feature Importance (SHAP) Coverage (%)

Map Graphics 0.182 24.1%
Brand Logos 0.154 18.5%
Close-Up Shot 0.129 31.0%
Smooth Transitions 0.110 22.4%
Simple Background 0.085 14.8%

Table 4: Top 5 semantic clusters discovered via k-means
and importance-weighting.

5 Conclusion & Future Work251

In this work, we presented a discovery-driven252

framework for analyzing and evaluating253

engagement in short-form edutainment videos. By254

shifting from rigid, manually-defined evaluation255

criteria to a pipeline grounded in contrastive256

supervision and semantic evidence extraction,257

we demonstrate that virality is not an inscrutable258

phenomenon but a composition of recurring,259

high-impact semantic patterns.260

Our methodology successfully bridges the gap261

between raw multimodal data and human-aligned262

reasoning. By utilizing log-normalized263

engagement signals to train importance-aware264

models, we moved beyond surface-level265

correlations to discover a stable rubric of266

20–40 audiovisual attributes. The implementation267

of a saturation-based aggregation function268

and a two-tier detection system ensures that our269

evaluator is both robust against content "gaming"270

and computationally efficient for real-time271

applications. Our results, highlighted by a strong272

Spearman correlation of 0.74 and a 2.9x lift in 273

predicting high-performing content, validate that 274

discovered semantic clusters provide a more 275

accurate and interpretable metric for virality than 276

traditional quality scores. 277

Future research will focus on the longitudinal 278

stability of these discovered rubrics. As platform 279

algorithms and viewer preferences evolve, we 280

plan to implement an "online discovery" loop 281

where the rubric is periodically updated to capture 282

shifting trends. Furthermore, we intend to expand 283

the framework to incorporate persona-based 284

evaluation, allowing the rubric to be weighted 285

differently for various audience segments (e.g., 286

academic vs. casual learners). By refining 287

the transition from automated discovery to 288

human-readable feedback, this work provides a 289

scalable foundation for the next generation of 290

AI-driven content evaluation and creation tools. 291

6 Limitations 292

Despite promising results, several limitations 293

remain. First, multimodal large language models 294

(MLLMs) are computationally intensive, posing 295

challenges for scalability and accessibility. Second, 296

engagement evaluation is inherently subjective; 297

attributes such as creativity and emotional impact 298

lack standardized quantitative definitions, limiting 299

reproducibility. Third, the use of a custom dataset 300

introduces manual effort and potential annotation 301

bias due to the absence of publicly available 302

benchmarks. Finally, while VLM/LLM-as-a-Judge 303

frameworks (prior work) (Lu et al., 2025) enable 304

scalable evaluation, they remain sensitive to model 305

biases and inconsistencies. 306

7 Ethical Considerations 307

Our research adheres to standard ethical guidelines 308

regarding data usage and privacy. Videos were 309

collected from public YouTube Shorts using the 310

platform API or public scraping of metadata. 311

We strictly adhere to the platform’s Terms of 312

Service (TOS) and limit our data sharing to derived, 313

non-copyrighted metadata rather than distributing 314

raw video files. Regarding privacy, no personally 315

identifying information (PII) was explicitly stored; 316

while faces remain visible in the original clips, our 317

usage aligns with standard academic practices for 318

publicly posted content. 319

Furthermore, we acknowledge potential 320

biases inherent in social media data. Our 321
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models may reflect biases in platform popularity,322

demographics, and algorithmic recommendation323

systems. Consequently, the engagement predictors324

developed here should be viewed as analytical tools325

for understanding content dynamics and should326

not be used to target or manipulate vulnerable327

audiences.328
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Appendix382

A Gemini prompts and sample responses383

Below we give the exact prompt templates used to384

query the Gemini Vision-Language Model (VLM)385

for audiovisual feature extraction, followed by386

representative sample responses returned by the387

model during preprocessing. These samples are388

shown verbatim (model outputs were not edited389

except for light redaction of long URLs when390

necessary).391

A.1 Prompt template used for Gemini392

"Give the 5 most impactful video elements393

and 5 impactful audio elements that impact394

the engagement for the given video.395

An element should be described in a few396

words. Return in a JSON format as per the397

following example:398

{'audio': ['', '', '', '', ''],399

'video': ['', '', '', '', '']}.400

Make sure to return exactly 5 video and401

5 audio elements, and the output matches402

the JSON formatting."403

Notes:404

• The prompt enforces exact JSON structure to405

simplify downstream parsing.406

• We requested short phrase descriptors407

(“energetic music”, “fast cuts”, etc.) so408

clustering and embedding are consistent.409

• In practice we passed the prompt plus a short410

metadata header (title + URL) to help Gemini411

ground the response.412

A.2 Representative sample responses413

(verbatim)414

Example 1 (video: The Infographics Show)415

{416

"audio": [417

"Clear, informative narration",418

"Sound of cracking/collapsing buildings",419

"Upbeat but solemn background music",420

"Sounds of ambulances/distress",421

"Construction sound effects"422

],423

"video": [424

"Destroyed city with cracked roads",425

"Animated map with earthquake epicenters",426

"Buildings collapsing like pancakes",427

"Rescue workers amidst rubble", 428

"Construction of earthquake-resistant 429

buildings" 430

] 431

} 432

Example 2 (video: Zack D. Films) 433

{ 434

"audio": [ 435

"Clear, Concise Narration", 436

"Realistic Wind Sound Effects", 437

"Umbrella Flipping Sound Effect", 438

"Impact/Crash Sound Effect", 439

"Engaging Background Music" 440

], 441

"video": [ 442

"Dynamic 3D Animation", 443

"Clear Text Overlays", 444

"Umbrella Flipping Inside Out", 445

"Visual Air Resistance Graphics", 446

"Varied Camera Angles" 447

] 448

} 449

Important reproducibility notes: 450

• We stored Gemini outputs as canonical JSON 451

files per video; the ‘verbatim‘ blocks above 452

are direct examples. 453

• Before clustering, we normalized text 454

(lowercasing, punctuation trimming) to 455

improve embedding consistency. 456

• When sharing data, we were mindful of 457

YouTube TOS — we share only derived 458

features and anonymized metadata as 459

described in Section 7. 460
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